I model research quality as the outcome of a CES production technology that uses human capital measured by publication records as inputs. Investigating a sample of scientific publications with two co-authors I show that the CES-complementarity parameter is a function of the age difference of the authors. Complementarity is maximized if the age difference between the authors is about 10 years. Two theories are presented which may explain my findings. According to these models, older and younger researchers differ not only in their skill levels but also in the types of their skills and their interpersonal relationships.
Introduction
This paper examines the technology of scientific collaboration. It addresses the question under which circumstances co-authorship is most productive in ways that go beyond the co-authors' human capital endowments. A vast existing literature on co-authorship has compared single-authored articles with co-authored articles and articles with fewer authors with articles with more authors. In this paper, in contrast, I use a sample of articles written by two people, thus keeping the number of authors per article constant. The idea is that when two people work together, the quality of what they produce depends not only on person A and person B, but also on the quality of their relationship. The relationship represents a third entity, which economics has paid little attention to in the past. My analysis shows that age composition of the collaborating authors is highly correlated with their relationship. A measure of the relationship's quality is maximized if one author is ten years older than the other. The average age difference in my sample of roughly nine years is very close to this optimum, which suggests a selection problem. I explore different explanations for the observed phenomenon but one should keep in mind that factors that are not accounted for in this study may drive both, age composition and productivity.
The paper is part of an emerging literature on academic team work. Researchers' increasing tendency to collaborate has shifted not only economists' interest towards co-authorship. Wuchty, Jones, and Uzzi (2007) describe how the focus in the history and sociology of science has moved from the individual genius to teams.
De Solla Price and Beaver (1966) regard the global research community as forming a network referred to as the 'invisible college' in which geographic boundaries (2000) report a steady increase in both, incidence of co-authorship, i.e. the fraction of co-authored papers, as well as in the number of authors per co-authored paper over the last decades: the incidence of co-authorship increased from under 10 percent in the 1950s to more than 67 percent in the year 2000, whereas the number of authors per co-authored paper increased only rather slightly from 2.0 to 2.2. More recent research by Wuchty, Jones, and Uzzi (2007) shows that teams have become increasingly important in all scientific disciplines. Barnett, Ault, and Kaserman (1988) investigated whether there were any gains from this trend towards more co-authorship. They obtained strong evidence that increasing opportunities for specialization and division of labor have made teamwork more beneficial and that co-authorship reduces publication uncertainty through diversification. Laband (1987) and Ursprung and Zimmer (2007) find that co-authorship leads to a higher quality of articles as measured by acceptance rates or citations. The evidence on peer effects in academic networks is mixed. Using the dismissals of Jewish scientists from Nazi Germany as an instrument for the number and quality of the faculty at German universities in the 1930s, Waldinger (2012) finds no evidence for local peer effects. Kim, Morse, and Zingales (2009) , in contrast, who focus on economics departments, observe that such local peer effects existed in the 1970s but vanished afterwards. Azoulay, Graff Zivin, and Wang (2010) On the other hand, team work is also associated with coordination costs. Starting with Alchian and Demsetz (1972) , economists have become interested in designing incentive structures to render team work more efficient. Prat (2002) investigates the optimal composition of teams given the degree of complementarity of the team members' tasks. He finds that the more complementary the inputs of its members, the more homogeneous a team should be. This paper uses publication data for all current faculty members of departments of economics and business administration at German, Austrian and Swiss universities. Table 1 documents that the findings discussed above also hold for the data and output measure used in this paper: article quality as measured by Combes and Linnemer (2010) 's journal quality weighting scheme CLm is closely related to the number of authors in my sample. CLm assigns positive weights to all journals listed by EconLit with a maximum of 100 attained by the Quarterly Journal of Economics.
The number of co-authors has a significant positive effect on output across all specifications. Specification (2) confirms that the effect is lower if a linear time trend is included because both, co-authorship and German economists' tendency to publish in international journals, have increased over time. In specification (3), I introduce a squared term for the number of authors. Quality is highest when an article has 4.6 authors.
The fact that co-authored articles are of higher quality is intuitive. When two scholars work together, each of them can specialize on the task that corresponds to his or her comparative advantage. Indeed, when two researchers work together, they often perform tasks in which they even have an absolute advantage. This study is related to a literature in psychology which emphasizes the importance of the social environment and relationships for human creativity.
1 This literature confirms the view that a team is more than the sum of its members. The relationship between collaborating individuals represents a third entity, which determines their joint productivity.
The objective of this paper is to examine this third entity. It identifies age as one determinant of the extent of complementarity of the team members' inputs.
The identification strategy uses the variation in a set of articles with exactly two co-authors rather than by comparing co-authored with single-authored articles. The employed method, a two-step technique, is novel in the literature and leads to new insights. The structure of the paper is as follows. Section 2 outlines the first step, in which a CES production function serves to measure complementarity in a specific collaboration when article output and human capital of the two authors are given.
This strategy allows me to measure the quality of the pairs controlling for individual abilities. Section 3 describes the data. In the second step, the revealed, team-specific complementarity parameter is regressed on the average age of the authors and on their age difference. The results are presented in Section 4. The main finding is that pairs of co-authors are most productive when the age difference between the authors is about ten years. In Section 5 I develop theoretical explanations of the complementarity parameter. Section 6 presents survey-based tests of these theories.
Section 7 concludes.
1 For an overview, see e.g. Cacioppo and Berntson (2005) and Cacioppo, Visser, and Pickett (2006) .
Scientific collaboration is teamwork. Therefore it might seem straightforward to think that research output is the outcome of a corresponding teamwork production function. Productivity therefore might be harmed by shirking (see Alchian and Demsetz, 1972) . Collaborating scientists, however, can usually observe each other's inputs pretty well and have the opportunity to retaliate, if necessary. Hence, their collaboration is not likely to represent a non-cooperative Nash-equilibrium. In the framework I will present, each individual has a given amount of human capital.
Since there are no costs associated with the input of human capital, human capital is always fully employed. When two scholars collaborate, variation in the final output does not arise according to how much of their human capital is used but according to how it is used.
My unit of analysis is published articles that have exactly two authors. Assume that the quality y i of publication i is produced by a constant elasticity of substitution (CES) production function (Arrow, Chenery, Minhas, and Solow, 1961) 
where h i1 and h i2 are human capital measures of the two co-authors. For CES functions, the exponent ρ may assume values smaller than 1. We have three special cases. For ρ i −→ −∞ output will be equal to A min{h i1 , h i2 }, for ρ i −→ 0 output will be Ah
and for ρ i = 1 we have y i = A [αh i1 + βh i2 ]. If h i1 , h i2 and y i are given, ρ i can be obtained through approximation if that α + β > 1. This assumption is crucial. Only if α + β > 1 a lower ρ implies a higher degree of complementarity, i.e. more output for given human capital endowments. Note that, other than in a Cobb-Douglas framework, α + β > 1 does not imply increasing returns to scale (only a Cobb-Douglas production function with constant returns to scale is a special case of the CES production function). The upper panel of Figure 1 shows how output varies with ρ for given levels of human capital endowment for the case α + β > 1.
The lower panel shows input combinations required to produce a given output level y for different values of ρ.
If the two inputs are complementary, the cross-derivative of the production function will be positive,
> 0, in the case of substitutes the cross-derivative will be zero (or negative),
≤ 0. My objective is to distinguish between author combinations that are more or less complementary. For each article i, I will compute a ρ i in the range between 0 and 1 through approximation, indicating varying degrees of complementarity. The closer ρ i will be to 1, the less complementary the human capital inputs of the two co-authors. To obtain ρ i ∈ (0, 1], y i must be larger or equal to A [h i1 + h i2 ] for all observations i. I obtain this by setting A = min{
}. The elasticity of substitution σ = 1/(1−ρ) will, therefore, only assume values larger than unity. Note that this is not restrictive because no interpretation is given to absolute values of ρ and σ. All that is needed is relative variation. 
where y jk = ∞ h=1 y hjk is researcher j's output in year k, 2 δ is a discount factor, and k = 1 is the year of researcher j's first publication. Based on citation vintage, e.g. McDowell (1982) estimates that human capital of academic economists depreciates at rate 13.18. The approach is in line with the evidence that creative output typically rises toward middle age and falls thereafter (see e.g. Galenson and Weinberg, 2000; Jones, 2010a A drawback of the above specification of human capital is that this measure is inverse U-shaped. It tends to increase with age with a maximum late in the researchers' careers. This feature penalizes younger researchers. Assume, for instance, that two talented, young scholars with short publication records and hence low h ij 's write a paper i that appears in a highly ranked journal. ρ i has to be very low in that case to produce high output, indicating a high degree of complementarity. If ability were constant over life, then ρ might be downward-biased simply because the authors have not had careers long enough to publish many articles in the past. Using h ij will also lead to imbalances in the human capital inputs of the two authors when the age difference is large. A number of studies suggest that input ratios should be balanced when inputs are complementary. 3 In the context of this analysis, a higher degree of complementarity would be required to produce the same output if one author has a larger share of the combined human capital than if the shares are equal.
Such imbalances are most likely when the age difference is large.
The following specification of human capital accommodates a possible downward bias of ρ i when at least one author is young,
which is a scholar's average yearly career output excluding the publication of interest i (t 1j denotes the first year of j's career).
In Section 5 I shall present a model in which a scholar who searches for a collaborator uses the potential collaborators' age as a proxy for quality. Note that the relationship between age and human capital does not need to be taken into consideration at this stage, because human capital, as I define it, is assumed to be fully observable. This assumption appears to be reasonable since publication records of virtually all academic economists are available online.
Data
The employed publication data were collected from EconLit by the Committee for The data set contains current affiliations but it does not list complete employment histories. I am, therefore, not able to investigate whether distant co-authorship affects complementarity in a different manner than close-by co-authorship.
5
Article quality is measured by the CLm indicator (cf. Combes and Linnemer, 2010) . CLm is based on a bibliometric two-step procedure. In a first step all 304
EconLit journals which are also covered by the SSCI database were ranked using the indirect method.
6 In a second step, Combes and Linnemer imputed quality indices for the remaining journals using the research performance of these journals' authors according to the SSCI journal publications and Google Scholar citations. This procedure results in a cardinal journal-quality index for all 1168 journals indexed by
EconLit.
CLm can, therefore be thought of as a more comprehensive alternative to impact factors, which are available only for a small share of the set of EconLit-indexed journals. The CLm index is not time-varying, i.e. it does not reflect changes of a journal's quality over time. CLm shares this shortcoming with most other common measures of journal quality. However, Combes and Linnemer's journal-quality weighting scheme is unique in the field of economics due to its comprehensiveness and its cardinal nature. Citation counts, which would allow to account for quality 5 The survey-based empirical analysis in Section 6 includes a measure of distance for a subsample of this data set. 6 See, for instance, Palacios-Huerta and Volij (2004) . differences between articles that appeared in the same journal are not available in my data base. However, e.g. Azoulay, Graff Zivin, and Wang (2010) find effects of about the same magnitude independent of whether impact factors or citations are used to measure article quality.
7 Table 2 provides descriptive statistics for the two benchmark data sets. The employed weighting scheme is CLm, for the value of δ I use two alternatives: (1) no human capital depreciation, i.e. δ = 0, and (2) δ = 0.15. I have 1470 observations, the respective articles were written by 825 different authors. The complementarity measures ρ i were computed by numerical methods (approximation) because Equation (1) cannot be solved explicitly for ρ. The mean of ρ is 0.2072 for δ = 0.15 and 0.1631 for δ = 0. The variance is also higher when δ = 0.15. Figure 2 shows the corresponding distributions of ρ. At a first glance, it may be surprising that, on average, ρ is lower when human capital does not depreciate. After all, article output y is the same in both cases, but h 1 and h 2 are higher when δ = 0. Hence, imputed complementarity of the inputs is smaller without human capital depreciation. The explanation is that the technology parameter A is different in the two cases. As explained before, ρ is normalized by adjusting A such that there is one observation which corresponds to perfect substitution, while for all others we have varying degrees of complementarity. Indeed, the share of co-productions of authors of the same age appears to be even higher internationally according to earlier findings by Laband and Piette (1995) . In my sample 41.7% of all co-authorships involved scholars whose age difference was 5 years or less, in the sample examined in Laband and Piette (1995) it was more than 50%. 62.7% of the articles were co-authored by authors whose age difference was 9 years or less; the respective share amounted to almost 75% in Laband and Piette (1995) . These observations together with the large share of articles in my sample that involves younger co-authors in their late 20s or early 30s indicate that mentorprotégé collaborations between doctoral students and supervisors are somewhat more 7 See Online Appendix V of their paper.
common among German economists than internationally. On average, the authors are around 8.7 years of age apart, the highest difference being slightly above 38 years.
Note that the sample contains exact dates of birth rather than simply years of birth.
Despite some measurement error, these exact birth dates were used to compute age differences.
1.6% of all articles were written by two women, in 11.8% of the cases one author was female, the other male. Exactly ten percent of all articles were written by authors who both identified themselves as business administration researchers. Business administration, or "Betriebswirtschaftslehre", as it is called in German, comprises classical business fields such as finance and marketing as well as some microeconomic subjects like organizational theory. 7.6 % of the papers in the sample have mixed pairs of authors, one being an economist, the other one a business researcher. I have also computed the number of preceding collaborations. This variable measures how many articles have been co-authored by the two authors of paper i up to the year before paper i was published, the value ranges from 0 to 17 with a mean of 1.1. (2010) have also provided the journal-quality scheme CLh which maintains the ordering of CLm but which is more convex, i.e. the quality weights of top journals compared to lower-ranked journals are higher in CLh than in CLm. I will use CLh for a robustness check. Other robustness checks will be performed using average yearly output l ij as human capital measure and different rates of human capital depreciation.
Combes and Linnemer

Empirical Analysis
Before imposing the assumptions from Section 2 about the functional form, Table   3 presents a first, non-structural look at how age affects complementarity in my sample. The dependent variable in these regressions is CLm multiplied by 1000, human capital is computed as in Equation 2 where the depreciation rate equals zero. Given the standard definition, the coefficient on the product of the human capital inputs captures complementarity. I interact this product with indicators for whether the age difference of the two authors is less than seven years or more than thirteen years to examine whether complementarity differs between groups of author pairs. It turns out that inputs of authors that are farther apart in terms of age are less complementary, whereas no significant difference is observed between pairs less than seven years apart and pairs with an age difference between seven and thirteen years. Note that the younger collaborator's prior publication record (h 2 ) is more correlated with the quality of the journal, in which the article appears than the older author's publication record h 1 . Also, the small negative coefficient on h 1 * h 2 suggests that there is no evidence for complementarities in the human capital of the two researchers in the raw data if age composition is not taken into account. The structural analysis that follows will lead to deeper insights.
To structurally estimate the determinants of complementarity in scientific collaboration, I will use a linear regression equation,
where m i is the average age of the co-authors of paper i, d i is their age difference, w i is a vector of covariates and ε i is an error term. The dependent variable is ρ i from Equation (1) and was obtained by numerical approximation. Table 4 shows the regression results for human capital depreciation rates of 15%
and 0% per year. In both cases, the coefficients are pretty robust across specifications. In Specifications (1) to (4), the dependent variable is computed using ρ = 0.15. The coefficients of interest are average age, age difference and squared terms for average age and age difference. All these variables significantly affect the complementarity parameter ρ, the squared average age is significant only at the 10 percent level, all others at the 1 percent level. I also include dummies for gender and for the sub-disciplines in which the authors are active. Unreported results show that the coefficients that measure the impact of age composition hardly change if these controls are dropped. Specification (2) also controls for the years in which the articles were published. The coefficients on age difference and the squared term increase slightly in absolute value and become more significant. Specification (3) adds controls for the number of preceding collaborations. Again, inclusion of year dummies only slightly affects the coefficients of interest.
The age difference has a significantly negative effect on ρ, i.e. the larger the difference, the more complementary are the two authors' inputs. However, due to the positive coefficient on the squared term, this effect is reversed once a certain difference is reached. Based on specification (4) which includes the full set of regressors, ρ is minimized, i.e. complementarity is maximized, if the age difference between the two authors is 10.39 years. Up to 65 years, a higher average age of the two co-authors means that their human capital inputs will be less complementary. This is plausible given the fact that, up to a certain age, older authors tend to have higher human capital endowments.
The coefficient of the gender dummies indicates that complementarity is increased if both co-authors are female. For mixed pairs, the effect is insignificant in most specifications and disappears once the number of preceding collaborations is controlled
for. This confirms earlier findings by McDowell, Singell, and Stater (2006) who report significant gender differences in publication behavior. Although, in a given year, female economists are less likely to publish, conditional on publishing they are not less likely to have a co-author. 8 And, even more importantly, women are not less likely than male economists to publish in the leading journals in economics. This is true in my sample as well. Articles that were authored by two women on average are of higher quality than articles written by two male authors. Human capital, on the other hand, is lower if both authors are female. 9 Since men's human capital proxy is higher, less of their output will have to be explained by complementarity.
The coefficient on business co-authors is stronger and more significant than the coefficient of both authors being female. Surprisingly, average article quality is lower if the business administration dummy equals one. This suggests a positive coefficient because less complementarity is required. This effect, however, is reversed by the fact that the human capital of business researchers in my sample is far lower than the human capital of economists. Team work is often associated with increasing specialization. As knowledge accumulates, it becomes harder to attain the research frontier. As a consequence, scientists can either choose to learn more or to specialize on more narrow subjects (see Jones, 2009 ). Ductor (2011) uses JEL codes to model co-authorship formation. For scientific collaboration, it is important whether the collaborators have similar backgrounds and employ similar techniques or whether one is, for example, a theorist and the other one is an econometrician. Economics and business administration are fairly different subjects and this intellectual distance is 8 Boschini and Sjögren (2007) , in contrast, find that women are more likely to work alone. They also observe that women's propensity to collaborate with other women increases more strongly than men's in the share of female researchers that are active in their subfield suggesting that co-authorship formation is not gender-neutral. 9 The gender differences in human capital are significant at a 5% level of significance, those on article output y at the 10 % level of significance. Average output of the 1273 articles authored by two men is 10.1798 with a standard deviation of 9.7706, for the 24 articles authored by two women, the mean is 13.6980 with a standard deviation of 11.9885. This yields a t-test statistic for the gender difference of the averages of 1.74.
confirmed by the highly significant dummies which indicate that publication behavior is indeed different across these two groups. The fact that the coefficients of interest remain unaffected suggests that intellectual distance is unrelated to the link between age and complementarity.
For the number of preceding collaborations, I obtain a positive coefficient. The more often people have worked together in the past, the less complementary future collaborations will be. This may seem surprising, since one would expect coordination costs to be higher for pairs that collaborate for the first time. The preceding collaborations variable may however also pick up how much people like each other.
At least, it can be assumed that if people keep working together they do not dislike each other. This coefficient can therefore be interpreted as indication for a tradeoff between consumption benefits and productivity, which will be discussed in more detail in Section 5.2.
Specifications (5) to (8) repeat the analysis for δ = 0. Given that the McDowell (1982) estimate of δ = 13.18% appears to be rather high, it makes sense to compare estimates for different rates of human capital depreciation. The coefficients of average age and average age squared become insignificant. All other coefficients of interest remain virtually unchanged in terms of signs, magnitudes and levels of significance. Complementarity is now highest if the age difference is 9.46 years when the full set of regressors is included. One thing, however, changes substantially. With δ = 0, the R 2 is higher across all specifications. When I control for the full set of regressors, it increases from 0.2624 with δ = 0.15 in specification (4) to 0.4067 with δ = 0 in specification (8). Table 5 provides further robustness checks. In all specifications, I control for all available characteristics of articles and authors. If human capital is measured as in Equation (3), i.e. by average output over the entire career, the sample size increases by 365 observations because output in previous years does not necessarily have to be positive. Average age now has a significantly negative effect on complementarity.
This makes sense given that the human capital measure l j is not increasing with age. 10 The coefficients on age difference and the control variables hardly change at all.
Columns (2) to (4) of Table 5 vary the rates of human capital depreciation. All 10 Division by a linear term in years since the first article ignores the insight from Oster and Hamermesh (1998) and Rauber and Ursprung (2008) that age-productivity profiles are quadratic.
that changes is the R 2 which increases as delta becomes lower. A rate of depreciation of human capital of academic economists equal to 15% may thus be too high. The relationship between age and complementarity is practically unaffected by the way human capital is measured. In columns (5) to (8), different measures not only for human capital but also for article quality are used. Columns (5) and (7) show results if output is measured by the more convex scheme CLh for the baseline rates of human capital depreciation of 0% and 15%. In columns (6) and (8), article output is measured by the product of CLm and article length in pages. The sample size is reduced when pages are taken into account because number of pages was not available for 130 publications, in particular for articles that were in press when the data were retrieved. Again, the results are highly robust. All coefficients of interest have the same signs as before. Although they become somewhat smaller in absolute value, most of them remain significant at a 1% level of significance. In columns (6) and (8), the coefficients on age difference and the squared term are significant only at the 5% and 10% levels, respectively.
A Theory of Complementarity
This section presents two explanations for the link between age and complementarity.
Specialization and learning are not taken into account. I do not focus on specialization since Ductor (2011) has already shown that the authors' fields of specialization (as measured by JEL codes in their other work) matter for co-authorship formation.
My results, however, suggest that specialization proxied by business administration and economics is unrelated to how age affects complementarity. Learning does not appear to be an issue either. If, over the course of their careers, authors were to observe that they are most productive when working with collaborators who are ten years younger or older, one would expect age difference of their co-authors to converge to ten years as scholars get older. Unreported results show that it does not: controlling for individual fixed effects, authors tend to collaborate with scholars that are farther away in terms of age as they get older. Age difference is not only increasing with the authors' age, it also diverges away from the optimal level of ten years.
Age-Specific Skill Heterogeneity
The decision to collaborate is often made jointly. However, I will illustrate my interpretation of ρ by providing an example in which one economist searches for a collaborator. This conceptual scholar has an idea, say a concept for a new model. He knows that he needs a collaborator to solve the model. I will refer to this collaborator as the technical scholar. He meets a colleague, say at a conference, and they agree to collaborate. The conceptual scholar does not know with certainty whether his and the collaborator's skills match and their joint project will be successful. But in the following I will argue that he can use the collaborator's age or the difference between his own and the collaborator's age as an indicator for skill match. The probability of a skill match s can be thought of as being equal to 1 − ρ, where ρ is a function of age difference and average age as in Equation (4).
Cognitive skills may be one channel through which age affects human capital complementarity. To establish this link formally, one may assume that the complementarity parameter ρ is a function of skills that are not reflected by our human capital measures. These can be thought of as different methods and approaches to do research. Anecdotal evidence suggests that when two researchers of different age collaborate, the younger scholar usually performs the technical tasks such as detailed computations and programming, whereas the older scholar is responsible for the overall concept. I use this as a starting point and assume that each individual has technical skills T (a) which decrease with age a and conceptual skills C(a) which increase over the life cycle. Work on a particular painting may take an experimental painter many years. Galenson emphasizes how difficult the decision to stop working often is for an experimental painter.
A similar approach can be found in Jones (2010a) who observes that, at the beginning of the twentieth century, Nobel Laureates and great inventors were between five and eight years younger at the time of their scientific achievements, than hundred years later. He introduces early life cycle effects and late life cycle effects. Early life cycle effects depend on the point in time at which researchers complete formal education and determine the increase in productivity early in their careers. Late life effects capture that part of an individual's innovation potential which is not related to education. Jones finds empirical support for the assumption that people's ability to produce scientific breakthroughs is declining as they get older implying a negative slope for late life effects. While the late life effects have remained stable over the course of the twentieth century, due to an accumulation of knowledge, it has taken scholars longer to obtain their highest degrees and, hence, to achieve the research frontier. According to Jones, the fact that researchers have to learn longer during the period in which their raw ability to innovate is highest has reduced scientific output.
I put Galenson's labeling on its head by referring to the skill that increases over life as conceptual. Galenson's analysis only considers some of the most outstanding geniuses in the history of art, whereas my data set includes the works of all academic economists working in Germany, Austria and Switzerland as well as some Germanspeaking scholars working abroad. At most a handful of the individuals in my sample fit into Galenson's genius category. The conceptual ability includes not only having good ideas but also knowledge of the research process which requires some experience. Although Galenson discusses the possibility that painters may change during their careers from being conceptual artists to experimental artists who make important contributions in both approaches, he mostly treats the two types as mutually exclusive. Here I assume that all researchers have both skills, however they evolve differently over their life cycles.
My formalization of this idea closely follows Jones (2010a). Abilities are logistic
functions of a scholar's age a. Conceptual skills follow a strictly increasing S-shaped pattern,
C(a) = 1 1 + e −(a−µ)/ω , whereas technical skills are strictly decreasing in age,
I model the complementarity parameter ρ as a function of how abilities of the two collaborating researchers interact. Consider the following model, in which complementarity is simply the product of conceptual and technical skills of the two co-authors. Since ρ is decreasing in complementarity, I write
where the sub-index j = 1 indicates the older of the two researchers and j = 2 is his younger colleague. The conceptual scholar's problem is then to minimize ρ(a 2 ) over a 2 as in Equation (5) for given a 1 . The objective will thus be to compute the optimal age of the younger co-author a * 2 . It can be shown that ρ(a 2 ) in Equation (5) has a unique and global minimum in a 2 . Equivalently, one can derive the optimal age difference d * from Equation (6).
Interpersonal Relationships
Another channel through which the age pattern may drive complementarity is the relationship between the two co-authors. This idea was first introduced in Hamermesh and Oster (2002) . In their model productivity is not the sole purpose of collaboration. People may also work together because they enjoy interacting with each other.
Research may then create two streams of benefits: research output and consumption benefits realized during the production process. Hence, scholars seek to maximize a utility function U(y j , c j ), where j is a potential co-author, y is the research output and c is the consumption stream.
Hamermesh and Oster (2002) I assume that ρ is a function of d which has the following form
which gives rise to a unique d * which globally minimizes ρ. This framework, therefore, justifies the regression Equation (4), too.
Survey-Based Analysis
In summer 2011, I administered a survey with the objective to discriminate between the two potential explanations of scientific collaboration presented in the previous section. I drew a random sample from the 1470 articles in my data set and asked the authors of these articles about their experiences in collaborating with their coauthors. Each author was asked only about one publication and the questionnaire was always sent to both authors of an article. 14 Details about the administration of the survey with additional descriptive statistics can be found in Appendix A.
To quantify their conceptual and technical skills, I asked the authors how much they contributed to the research concept, how much of the technical tasks they 14 While the survey was being conducted, it turned out that it could not be sent to authors affiliated with institutions outside Germany Austria or Switzerland. Hence, if one of the respondents living in one of the three countries had a co-author outside these three countries, only he was asked about the paper.
performed, and about their share in writing up the article. To test the explanation based on interpersonal relationships, I asked the authors whether they were already friends with their co-authors when they started working on the project, whether they became friends during that process or whether their relationship was purely professional. I also asked the two co-authors whether they ever applied for the same jobs. The answer to this question serves as a proxy for competition between the two collaborators. Note that the age difference is now defined as the age of the respondent minus the age of the co-author. It can, therefore, assume negative values. Table 6 compares the arithmetic means of the responses of the two collaborators.
The difference is most pronounced for the share that the authors claim to have had in the technical execution of the project. Figure 4 visualizes these differences. Note the spike at 50%, which can also be observed in the distributions of the conception and writing shares.
I also calculated a measure of the shares in the three tasks relative to the average contribution. For this measure, I first computed the arithmetic mean of the three shares for every respondent and then divided each share by this arithmetic mean.
This measure accounts for the fact that an author may have had a higher or lower overall share in the realization of an article. In other words, even if an author said that 30% of the idea of a project were his, this may be high relative to his overall contribution if he says he performed only 10% of the technical tasks and of writing up the result. Table 7 shows tests of the skill heterogeneity theory presented in Section 5.1.
The upper panel includes all respondents, whereas the middle panel only considers the older co-authors, and the lower panel only considers younger co-authors. An author's share of the concept does not increase with the age difference. However, relative to the overall contribution, older scholars have contributed more conceptually, because older authors tend to contribute less overall relative to their younger collaborators. The correlation between an author's share of the technical execution and the difference between his and his co-author's age is highly negative. The same applies to the share of writing the report. These findings provide some support for skill heterogeneity, but they do not exactly confirm it. In Section 5.1 it was argued that conceptual skills were increasing with an author's age, whereas technical skills were decreasing with age. However, most coefficients of the age variable are insignificant. Table 8 shows tests of the theory of personal relationships. In column (1), a dummy indicating whether the respondent said that he and his co-author were friends when they started working on the project is regressed on the respondent's age, the difference between his and his co-author's age, and various covariates. The coefficient on own age is significantly negative and the coefficient on age difference is significantly positive when the whole sample is used. More informative are the middle and lower panels, which divide the sample into older and younger authors.
For older authors, age difference is positive, for younger authors, it is negative.
In both subsamples, the coefficients on age difference are significantly different from zero. When older authors are taken into consideration, the coefficient is negative, for younger authors it is positive. Even though the coefficients have different signs, the picture is the same: the smaller the age difference, the more likely the two authors were friends before they started their collaboration. In column (2), the dependent variable is equal to 1 if the authors were either friends before they started working on their joint project or if they became friends in the process. The coefficients are smaller in absolute value for older authors and larger in absolute value for younger authors than in column (1). This finding indicates that younger authors are more likely to say they became friends while they collaborated with their colleagues than older authors if they were not already friends in the first place.
Columns (3) and (4) repeat this analysis for indicators for whether the respondent and his co-author have ever applied for the same job or whether the respondent could not to exclude the possibility that they had ever applied for the same job. 16 Again, I
find that the smaller the age difference, the more likely it is that the two authors have ever competed on the job market. The survey, therefore, provides strong support for the hypothesis that personal relations matter for collaboration. Common paradigms were not examined. Table 11 in Appendix B shows the coefficients on the covariates from the regressions of the shares in the three tasks when the entire sample was used (upper panel of columns (1), (3) and (5) in Table 7 ) and the dummies indicating whether the 15 Unreported results show that the coefficients on own age are different from zero at the 5% level of significance with the expected positive sign in column (2) and negative signs in columns (3) and (4) if the age difference is not controlled for. 16 In column (4) the dependent variable is equal to 1 if the respondent either checked that he and the co-author have ever applied for the same job or if he checked that he did not know.
authors had already been friends before their collaboration when the entire sample was used (upper panel of columns (1) and (3) in Table 8 ). One notable and intuitive result is that mentor-protégé relationships tend to reduce the probability that the two collaborators were friends before they started working together.
Conclusion
Jones (2010b) identifies two major trends in science: important innovations are made increasingly later in a scientist's life and by teams rather than solo researchers. Age and team work are, therefore, of prime interest in the economics of science and this study demonstrates that the two must not be analyzed in isolation. It investigates the relation between age composition of collaborators and the complementarity of their inputs. It suggests an optimal age difference between co-authors of about ten years. This result is highly significant and robust to the way research output and human capital are measured.
To be sure, the assumptions underlying the analysis in this study are rather restrictive. The production function is not estimated, it is simply assumed that it is of a CES type. Neither do I estimate the complementarity parameter ρ. Based on my assumptions concerning production of knowledge, I obtain it by solving a simple production equation. Furthermore, my sample only includes collaborations that actually lead to published results. Although most researchers submit their working papers until they eventually find an outlet, some papers actually end up in the waste bin. It is, however, not clear whether and how such failure might be correlated with the age structure of the team. Such a correlation would induce an estimation bias.
Collaboration between exactly two researchers is only a subset of all teamwork in economics, although by far the most frequent one. But age difference has a different meaning when more than two researchers collaborate. The exclusion of researchers whose birthdates were not available is another potential source of bias, but it is not clear in which direction this bias would go. Finally, given the institutional setting in the German-speaking area, I might get different results if I looked at researchers from other countries.
Despite all these caveats, the findings presented in this paper may have implications for the way we think about collaboration in outside the science system. I advance two theoretical approaches which may explain my findings. The first is based on a framework with two complementary skills, the second uses the theory of consumption benefits as a starting point and addresses interpersonal relationships.
Survey-based analysis shows that scientific production and personal relations are both related to the age difference between collaborators.
Wuchty, S., B. F. Jones, and B. Uzzi ( 
A The Survey
The survey used in Section 6 was conducted via mail in June 2011. I sent the questionnaire to 579 economists and business researchers. Among these scientists, 434 were affiliated with German, 72 with Austrian and 73 with Swiss institutions. I picked a random sample of pairs from the original sample. Each individual researcher was asked about one paper only. Initially, it was intended to ask researchers outside Germany, Austria and Switzerland, too. However, this idea had to be abandoned for organizational reasons, which is why not always both co-authors received the questionnaires.
The survey participants were not informed that the aim of the study was to relate their answers to the age structure of the collaborating pair. People may have suspected that the survey would be used to investigate plagiarism, e.g. professors letting their students do all the work and then publishing under their own name, which might have reduced the response rate. In order to avoid this, the survey informed all scholars that their co-authors were asked the same questions.
Each letter contained one sheet of paper with a cover letter on the front and the questionnaire on the back and a stamped and self-addressed envelope for the reply. The survey was administered in Germany via the University of Konstanz, in Switzerland via the Thurgauer Wirtschaftsinstitut (TWI), which is located in Please turn this page to answer the questionnaire. After that, please send it back using the enclosed envelope. If there are questions you do not want to answer, please leave the corresponding boxes empty.
Best regards,
Matthias Krapf
The questionnaire contained eight questions which could be answered by checking the corresponding boxes. To avoid going too much into the intimate details of their personal relations, people were only asked to distinguish between their relationship being purely professional or friendship. (for questions 2.1 to 2.3 eleven possible answers were given from 100 percent mine / 0 percent co-author's to 0 percent mine / 100 percent co-author's in steps of ten percentage points) 3.1 When have you first met your co-author? a) More than three years before we started working on the paper b) Up to three years before we started working on the paper c) The decision to collaborate was made when / before we first met 3.2 How did your collaboration begin? a) We were fellow students, e.g. in grad school, or colleagues at the same institution b) We were in a mentor-protégé relation c) We met at a conference d) One contacted the other exactly for the purpose of collaboration 3.3 How would you describe your relationship with your co-author a) We were friends when we started working on the paper b) We became friends while we were working on the paper c) Our relationship is purely professional 3.4 Have you and your co-author ever applied for the same jobs? a) yes b) no c) I do not know Table 9 shows additional descriptive statistics beyond the ones already displayed in Section 6. It compares the data for respondents with those for the overall sample. 317 of the surveyed scholars responded, which corresponds to a response rate of 54.75%. No significant differences between the two groups can be observed. The sample of survey respondents is representative of the overall sample, non-response bias does not appear to matter. Table 10 shows descriptive statistics for the 83 articles, for which responses by both authors were available. Although there is substantial variation, on average the shares of the three tasks that the two authors claimed for themselves, respectively, add up to about 100 percent. This provides further support for the assumption that the respondents answered the survey questions honestly. Table 11 repeats regressions from Tables 7 and 8 , but also reports the coefficients for the additional controls. Only very few of these coefficients are significant. Only one distance measure (< 100 km) is correlated with a scholar's share of the idea that lead to the article. The better a scholar's prior publication record, the less of the technical tasks he performed. The better the co-author's publication record, the smaller a scholar's share in writing down the results. If, on the other hand, the co-author is female, scholars tend to write more. Scholars affiliated with Swiss universities are more likely to have been friends when they started collaborating. If the authors knew each other for longer than three years, it is also more likely that they were friends before they started to work together. Mentor-protégé relationships tend to reduce the probability of having been friends before. That two co-authors have ever, i.e. before or after their collaboration, applied for the same jobs, is less likely the higher-ranked the journal in which the article they have written has appeared in. Competition on the job market is also less common among scholars affiliated with Austrian institutions. 
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